Model validation: robot behavior in people guidance mission using DTM model and estimation of human motion behavior by Garrell Zulueta, Anais & Sanfeliu Cortés, Alberto
Model Validation: Robot Behavior in People Guidance Mission using
DTM model and Estimation of Human Motion Behavior.
Anaı´s Garrell and Alberto Sanfeliu
Institut de Robo`tica i Informa`tica Industrial (CSIC-UPC)
08028 Barcelona, Spain
Abstract— This paper describes the validation process of
a simulation model that have been used to explore the new
possibilities of interaction when humans are guided by teams
of robots that work cooperatively in urban areas. The set of
experiments, which have been recorded as video sequences,
show a group of people being guided by a team of three people
(who play the role of the guide robots). The model used in
the simulation process is called Discrete Time Motion model
(DTM) described in [7], where the environment is modeled
using a set of potential fields, and people’s motion is represented
through tension functions. The video sequences were recorded
in an urban space of 10.000 m2 denominated Barcelona Robot
Lab, where people move in the urban space following diverse
trajectories. The motion (pose and velocity) of people and robots
extracted from the video sequences were compared against
the predictions of the DTM model. Finally, we checked the
proper functioning of the model by studying the position error
differences of the recorded and simulated sequences.
I. INTRODUCTION
Nowadays, research community have increased its interest
in robots performing social tasks, consequently the needed of
studying new abilities for human-robot interaction and task
cooperation have become important issues. One application
where these abilities are shown is in guiding a group of
people using one or several robots [4]. Some experiments of
guiding people with one robot have been already performed,
but when is a group of people guided by a team of robots, the
experiments are not performed easily due to the limitations
of the present technology (robots do not move or change
their orientation fast enough). In these situations is better to
simulate the experiments and then validate the results using
sequence of real guided missions [2].
In this work, we present the validation of a model
described previously in [7], denominated “Discrete-Time-
Motion” model (DTM). The DTM model is a new approach
for guiding people in open areas of urban settings using
multiple robots acting in a cooperative way. One of the robots
is the leader, and acts as a human tour-guide. It is placed at
the front of the formation and its role is to estimate the
trajectory of both people and the rest of robots. The other
robots, called shepherd, are responsible for guiding people,
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Fig. 1. (a), (b) and (c) show different captions of the guided group by the
camera network. (d) shows an aerial view of the experimental site, Barcelona
Robot Lab, including the distribution of camera network, and the trajectory
of the group in one of the experiments.
preventing any person leaving the group, and following the
path given by the leader. The DTM model represents robots,
people and obstacles by means of potential functions, and it
computes the estimations of people’s and robots positions.
The model uses a particle filter [1] for positions estimation,
and it considers Helbing equations [8], [9] for the simulation
of human reactions in front of different stimulus that come
from the robots and the constraints of the environment.
The works presented in the literature show their contri-
butions for groups of robots that interact with people using
simulations. For instance, [6] performs a qualitative analysis
of the movements of different entities –such as humans or
animals– and build an architecture of three robots to guide
them. However, realistic situations, such as the existence
of obstacles or dealing with people leaving the group are
not considered, and their models were not validated. In [13]
several types of robot formations and different strategies for
approaching the robots to people are considered. However.
all these issues and the general movements of the robots
are ruled by a large number of heuristics which makes the
system impractical. Furthermore, in order to achieve the
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desired guiding results, complex robot motions (for example
the acceleration must be to high) are required.
In contrast to the previous approaches, the “Discrete-
Time-Motion” model proposed previously in [7], offers a
framework to tackle more realistic situations and without the
need of using such a large number of heuristics. Moreover,
this model can tackle realistic situations such as avoid people
escaping from the group.
For the validation of this research, we used the network
of cameras installed in the Barcelona Robot Lab, in the Uni-
versitat Polite`cnica de Catalunya (UPC), an area of 10.000
m2 in the north Campus. We performed a set of experiments
where a group of people were guided by three people that
play the role of the guide robots. They have performed 9
experiments following the same path, but there were some
differences in each experiment. The group made the same
trajectory nine times, and in each one the group presented
different behaviors, for instance, a person escaped from the
group and must be regrouped, or some people escaped in
different directions. These human behaviors were simulated
and we studied how the behavior of the robots must be
for achieving their objective, this is, lead the group towards
the goal. In the present paper, we validate the DTM model
by analyzing the position and velocity error differences of
people and robots.
In the remainder of the paper we start by describing shortly
the Discrete-Time-Motion model used in the simulations.
Section III presents how the data was collected and how
the validation process was done. Results and conclusions are
presented in sections IV and V, respectively.
II. REVIEW OF DISCRETE TIME MOTION MODEL
In this section, we will present a short review of the
Discrete Time Motion (DTM) model, which, on one hand,
it models the representation of the whole environment, and,
on the other hand, it estimates at each time instance the
position and velocity of every human and robot, as well as
to predict their future states. The DTM evaluates these data
in discrete time instances, every N units of time (seconds or
milliseconds).
The DTM model considers that one of the robots is the
leader and act as a tour guide. It is allocated at the front
of the formation and its mission is to assure that all the
group arrives to the desired goal. The rest of robots, called
shepherds, have to maintain the formation and assure that
no individual escapes from the group. This model has two
components: The Discrete Time component and the Discrete
Motion component.
The Discrete Time component uses the potential fields for
people, robots and obstacles representation (fixed or mobile).
We call tensions to these potential fields applied to people,
robots or obstacles. A fixed obstacle has a very high tension
in a determined area which decreases with the distance to
the center of the object (the tensions are computed based
on the area defined by a security region surrounding each
human, robot and obstacle). A person or a robot can move
to a specific position if the tension in that place is very low
or zero.
In order to decide the trajectories the robots will follow,
we define a potential field over the working area, and we
perform a path planning in it [11], [12]. Then, we define a
set of attractive and repulsive forces. In particular, the goal
the robots try to reach generate an attractive force pulling the
robots towards it. On the other hand, the obstacles generate
a repulsive potential pushing a given robot away. The rest of
robots and people generate similar repulsive forces, although,
with less intensity than the obstacle’s forces.
We parameterized all these attractive and repulsive forces
by Gaussian functions. For instance, the repulsive forces for
people are:
Tp(µp,Σp)(x) =
1∣∣Σp∣∣1/2 (2pi)n/2 e− 12 (x−µp)TΣ−1p (x−µp) (1)
where µp = (µpx ,µpy) is the center of gravity of the
person, and Σp is a covariance matrix whose principal axes
(σx,σy) represent the size of an ellipse surrounding the
person which is used as a security area. A similar expression
defines the potential map associated for each robot. These
repulsive forces may be interpreted as continuous probability
functions over the entire space.
We can then define people and robots by the set
{(µx,µy),(σx,σy),v,θ ,T}, where v and θ are the velocity
and orientation computed by the particle filter and T is
the associated tension. As we said, the variances (σx,σy)
represent the security area around each individual.
In the case of obstacles, we define their tension as a set of
Gaussian functions placed at regular intervals around their
boundaries. Let us denote by X = {(x1,y1), . . . ,(xn,yn)} the
set of points evenly spaced around the boundary. Then this
boundary will be defined by: {(xi,yi),(σxi ,σyi),Ti} for i =
1, . . . ,n, where Ti follows Eq. 1.
After having defined the tensions for each of the compo-
nents of the environment we are ready to define the potential
field of all the environment space. This is easily computed
as the intersection of all the Gaussian functions for a given
variances.
The second component, the Discrete Motion Component,
will decide the motion strategies to be followed by the robots
in order to achieve their goals. Robot motion is computed
using a simple path planning algorithm [10]. This path
planning is only performed by the leader robot who transmits
the computed path to other robots.
The second case is the study of shepherding algorithms
[3], [5], which are inspired in the shepherd dogs. The
shepherding task is performed by all the robots except by
the leader.
One important situation we must carefully consider is
the case when people escape from the group. We are not
aware of any approach tackling this problem. The solution
we adopt for this situation is to choose one of the robots
–the one closer to the individual who left– and bring him
back to the formation. For computing the trajectory that
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Fig. 2. Parameters of people’s vital space.
will be considered for intercepting the person who escaped
from the group, we first use a Particle Filter to estimate the
position and velocity of the person and then we compute the
interception point.
In order to model people’s motion we use the concepts
introduced by Helbing et al. [8], [9], which studies the dy-
namics of pedestrian crowds from the “social” point of view.
More specifically, they describe the motion of pedestrians
based on social forces which are the result of the internal
motivations of the individuals to perform specific motions.
Firstly, the model considers that people want to reach a
specific destination as comfortable as possible which may be
formally represented as the shape of a polygon with edges
~r 1α . . .~r
n
α :=~r
0
α , where α refers to a given person and~r 0α the
destination he/she wants to reach.
Secondly, we have to consider the situation when the
pedestrian motion is influenced by other pedestrians from the
group. This situation responds to the fact that each individual
tries to maintain an empty security volume surrounding
him [16]. This is in fact a repulsive effect which we model
through the following vectorial quantity:
~Fαβ (~rαβ ) =−∇~rαβVαβ
[
b(~rαβ )
]
(2)
where Vαβ (b) is a repulsive potential which is assumed to
be a monotonic decreasing function of b with equipotential
lines having an elliptical shape.~rαβ =~rα−~rβ . The parameter
b denotes the semi-minor axis of the ellipse and is given by:
b =
√
(
∥∥~rαβ∥∥+∥∥~rαβ − vβ∆t~eβ∥∥)2− (vβ∆t)2
2
(3)
where, vβ∆t is an approximation to the step size of a
pedestrian β .
Finally, we consider the repulsive effect produced by the
distance that people try to keep away from the obstacles of
the environment. The nature of this force is the same we
just described between individuals, with the difference that
the obstacles do not move. If we denote by B the border of
an obstacle the repulsive effect it creates will be described
Fig. 3. An aerial view of our experimental site, the Barcelona Robot Lab
(top), and the distribution of cameras in the network with the route that the
group follows (bottom).
by:
~FαB(~rαB) =−∇~rαBUαB(‖~rαB‖) (4)
where UαB(‖~rαB‖) is the repulsive and monotonically de-
creasing potential function,~rαB =~rα−~rB, and B denotes the
position of the border B that is closest to the pedestrian α .
We have presented the Discrete Time Motion model which
has been used for the development of simulations, and whose
validation process is presented below.
III. DATA COLLECTION AND VALIDATION
PROCESS
In this section, we explain the method for data collection,
which is used for the validation and testing of the DTM
model. Model validation is used for verifying that the model,
within its domain of applicability, behaves consistently with
the objectives. Model validation deals with building the right
model. In model testing, the model is subjected to test data
or tests cases to determine if it functions properly. Test
failed implies the failure of the model, not the test. Some
tests are devised to evaluate the behavioral accuracy (i.e.,
validity) of the model, and some tests are intended to judge
the accuracy of model transformation from one form into
another (verification). In the present work we assess how
our model behaves in a set of real situations. But, before
explaining the validation and testing process we proceed to
the description of data collection.
For data collection we use the camera network mounted
on the Barcelona Robot Lab, composed by 21 interconnected
cameras, see Fig. 3, which took a set of video sequences of
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Fig. 4. Images of the set of cameras of the Barcelona Robot Lab. Different
frames of the group of people being guided by the three members that play
the role of guide robots.
the group of people being guided by three other people (who
play the role of guide robots). The tour, depicted in Fig. 1,
was performed nine times and in each one of the trials, some
people of the group behaved in different ways. Below are
some examples of the people and guides behavior:
• The group follows the instructions of the guides always.
• A person who is being led, goes away from the group
and one of the guides has to look forward him in order
to regroup him in the main group.
• Several people escape at the same time in opposite
directions.
• The group stops and moves again.
• The guides are placed at specific locations to create a
robot barrier, for example at corners to prevent people
escaping.
Different routes were done using this set of behaviors and
they were used for validating the model simulations. The data
collection process was the following: (1) the video sequences
were registered; (2) each frame of the video sequences was
rearranged in order to synchronize the complete sequence,
complete path was registered by 15 cameras; (3) positions
of people was annotated manually. More than 10,000 images
were labeled. Furthermore, using [14] we transformed the
image’s coordinates to map’s coordinates for each frame of
the sequence, see Fig. 1. Finally, all the different paths were
joined to get people’s trajectories. As shown in Fig. 1, there
are some areas where the information of people’s trajectory
is lacking, and in these areas we are not able to do any
comparison.
For the model validation process, the trajectory of every
person has to be taken into account in the complete path,
as well as the trajectory of all the group. This trajectories
are then compared against the estimation obtained by the
simulations using the DTM model. The comparison is based
on the quadratic error of the real (from the video sequence)
and estimated (from the simulation) positions. Two cases
were studied: the motion behavior of the shepherd and leader
robots; and the motion behavior of the guided people.
For robots, several cases were analyzed. For the leader
we examine the motion trajectory that it has followed for
guiding the group and the velocity at each position. For the
shepherd we compute the motion trajectory for following
the group and the motion trajectory to look for a person that
escapes from the formation and he has to be regrouped. For
the guided people we compute the estimated trajectory using
the particle filter against the observations obtained from the
camera network.
All this comparison are done in the areas where the camera
network have information of the position of people and
robots. There are some areas where the cameras are not able
to see people’s trajectories due to environment constraints. In
the areas where there are not real data, we only can estimate
their positions, and the error will be computed at the next
position obtained from the camera network.
Here, we present the formulation of the quadratic error that
will be used to evaluate the usefulness and truthfulness of the
simulations using the DTM. The quadratic error is computed
for each motion instant k, where yk is the data obtained by
camera network, for instance, velocity or position of a person
or robot, and yˆk is the value given by the DTM model. The
quadratic error at time k is given by:
errork =
√
(yk− yˆk)2 (5)
In next section we will present the obtained results in
simulations and the study of the quadratic error between the
simulated and observed data.
IV. EXPERIMENTS AND RESULTS
The current work is done within the framework of the
European Project URUS [15], and the scenario where the
experiments will be performed corresponds to an urban area
of about 10.000 m2 within the North Campus of the Uni-
versitat Polite`cnica de Catalunya (UPC). The area contains
different obstacles, such as buildings, benches and trash cans.
As we have explained above, we have created a database
of people and robot positions and velocities taken from a the
set of sequences of images registered by the camera network
at the Barcelona Robot Lab. A group of 7 people were led
by three people playing the role of guide robots, where one
performed the role of Leader, as a tour guide, and other two
performed the functions of assistants. In addition, we have
obtained different human behaviors in the set of scenes, for
instance, a person escaping from the group or a group of
people not following the leader.
The results correspond to the comparison between the sim-
ulated experiments and the real observation in the Barcelona
Robot Lab. We assumed a team of three robots, which will
move according to the motion model computed in Section
II.
The experiment has three distinctive situations: (1) an area
where the group of people is moving in an open area with no
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obstacle, and people is able to move freely, Fig. 5; (2) people
has to do a curve of 180, Fig. 6; and, finally, (3) in last scene
the group is moving through a corridor, here the environment
is bounded and people motion is more controlled, Fig. 7.
In the image sequences Fig. 5-9 the leader robot, the
shepherd robots and the people motion behavior are shown in
three different environments. The left hand images represent
the path done by the group of people or robots. The right
hand images plot the evolution of the quadratic error (in
dm) through time. The error is computed at each frame,
however the position of people and robots is corrected every
ten seconds. Fig. 5-7 shows the trajectories of two different
people and their position estimations using DTM model.
Note that the error of the trajectory is high in Fig.5 because
people start moving. In the rest of the figures, the error varies
due to the uncertain movement of the person. Although that,
the DTM model shows a very accurate in the estimation.
Fig. 8 shows the comparisons of the leader behavior. The
leader robot in the DTM model computes the trajectory using
a path planning, and the rest of the group must follow it. As
we can see, the planned trajectory is linear in the straight
paths, however the trajectory followed by the person whose
role is the leader robot follows a curvilinear trajectory, which
indeed is a typical human behavior. However, both behaviors
are quite similar.
Last but not least, Fig.9 shows shepherd robots behavior
depending on people trajectories. Fig.9 shows different situ-
ations of the shepherd robots: (a) shows the shepherd robots
(red color) following the group (green color); (c) shows one
shepherd robot (red color upper trajectory) that follows the
group, and the second one is following one person that goes
away from the group and brings him to the group; and (e)
is similar to Fig. 9(a).
In conclusion, the study has shown that simulations of the
DTM model are very close to the real motion of people who
are being guided and very similar to people that play the role
of robots. The average error is less than 1 meter.
V. CONCLUSIONS AND FUTURE WORKS
We have presented the validation of the DTM model to
guide people in urban areas with a set of mobile robots
working in a cooperative manner. In contrast to existing
approaches, our method can tackle more realistic situations,
such as dealing with large environments with obstacles, or
regrouping people who left the group.
We have analyzed different situations: guiding in open
areas, in corridors or in curves. In all these experiments we
have compared our simulations with data obtained by camera
network, and the results show that the error is very low
(in average one meter) between the simulation and the real
data. In the case of escaping people, the analysis shows that
the shepherd robots follow a similar trajectory of a person
playing the role of the robot.
We are currently working in improving the strategies
with several robots. Firslty, we are studying people behavior
when are trying to escape from de formation. Furthermore,
we plan to study which is the optimal number of robots
Fig. 5. On left hand, two individual trajectories in an open area are
represented along with its estimations, on right hand, error evolution is
shown, we can observe that the error decreases in time, at the beginning
we can see that error is greater because of acceleration.
Fig. 6. On left hand, two individual trajectories in close curve are
represented along with its estimations, on right hand, error evolution is
shown.
depending on the number of people and the configuration
of the environment. We also plan to add the path planning
capabilities to the shepherd robots, and not only to the leader.
Finally, we are improving the robot trajectories to fit better
with the human trajectories.
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